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ABSTRACT
In past disasters, arrangements have been made to evacuate people without their own
transportation, requiring them to gather at select locations to be evacuated. Unfortunately,
this type of plan does not help those people who are unable to move themselves to
the designated meeting locations. In the United States, according to the Post-Katrina
Emergency Management Reform Act of 2006, state or local governments have the
responsibility to coordinate evacuation plans for all populations. These include those
with disabilities. However, few, if any, have plans in place for those who are mobility-
challenged. The problem of evacuating mobility-challenged people from their individual
locations in a short-notice disaster is a challenging combinatorial optimization problem.
In order to develop the model and select a solution approach, we surveyed related
literature. Based on our review, we formulate the problem and develop an Ant Colony
Optimization (ACO) algorithm to solve it. We then test two different versions of the ACO
algorithm on five stylized datasets with several different parameter settings. [Submitted:
May 31, 2013. Revised: November 25, 2013. Accepted: March 13, 2014.]
Subject Areas: Evacuation, Mobility-challenged, Disaster, and Overbur-
dened VRP.
INTRODUCTION
Evacuation has played a major role in planning and operations of disaster re-
lief. For instance, during Hurricane Katrina, some public officials were not well
versed in evacuation orders before the hurricane landfall and did not take the ap-
propriate actions for evacuations (Nieburg, Waldman, & Krumm, 2005). Lessons
learned from Hurricane Katrina include the need for more effective mass evacuation
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731
732 Evacuating People with Mobility-Challenges in a Short-Notice Disaster
planning. In the United States, according to the Post-Katrina Emergency Man-
agement Reform Act (P-KEMRA, 2006), state and local governments have the
responsibility to coordinate evacuation plans for all populations, including those
with disabilities (Apte & Heath, 2011). Timely evacuation was one of the causes
that reduced the death toll from 10,000 in the super-cyclone in 1999 to 30 in the
2013 Cyclone Phailin, which struck the eastern coast of India (New York Times,
2013).
In this research, we focus on how government authorities can utilize their
resources to provide assistance to citizens who cannot self-evacuate primarily
due to lack of private transportation means and a mobility-impairment, which
prevents the use of mass public transportation. For these people, a typical assisted-
evacuation plan that requires people to assemble at selected locations to be mass-
evacuated will not work. When planning for the evacuation of this population,
local authorities face many constraints such as the variety and limited number of
evacuation vehicles and the diverse mobility level of evacuees. In addition, in a
short-notice disaster situation, all evacuations must take place within a limited time
window. Minimizing loss of life in an emergency often depends on the quick and
best determination of vehicle assignments and routes.
The problem that we address in this research is the development of a routing
plan that enables planners to send vehicles to pick up and evacuate as many
people as possible from their individual locations to a common shelter, while
accommodating various levels of disability and completing the evacuation within
a limited time window.
The practitioner realm within which disaster evacuation falls is the field of
emergency management that has been receiving substantial attention (Altay &
Green, 2006) as one of the lessons learned from hurricane Katrina in 2005. How-
ever, the academic discipline underpinning assisted evacuation problems is the
field of combinatorial optimization, and, more specifically, vehicle routing prob-
lems (VRPs). In addition to helping, the first responders and emergency planners
develop an implementable evacuation plan, another significant contribution of this
research is the introduction of a new type of VRP, which we call the overburdened
vehicle routing problem (OBVRP).
An OBVRP is a VRP, which has additional constraints (a combination of
time, vehicle, and capacity constraints) such that there is a strong likelihood that all
customers cannot be served, rendering a classic VRP formulation of the problem
infeasible. However, the resources are overburdened. Therefore, in an OBVRP, an
objective function relating to the customers served must be used, and constraints
relating to the service of all customers can no longer be included. Similar to
the VRP, other details about an OBVRP can differ; for example, there may be
multiple homogeneous or heterogeneous vehicles, multiple depots, a delineation
of time windows within the overall time constraint, etc. In our OBVRP, there are
multiple heterogeneous vehicles with multiple depots, and the vehicles can make
multiple trips (offloading all customers at the shelter at the end of each trip), limited
only by the overall available time. In addition, our problem has heterogeneous
customers such that the capacity of each vehicle depends on the type of customer
being transported. The classic VRP has been considered a difficult problem to
solve to optimality (Aksen et al., 2006; Groër et al., 2008; Laporte, 2009). Given
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that our OBVRP is a complex variant of the VRP, it was perceived to be even more
difficult to solve optimally. Therefore, we developed an Ant Colony Optimization
(ACO) algorithm to solve the problem and tested it both with and without added
heuristics to find a good feasible solution for the emergency planners in a short
time.
The article is arranged as follows: In section ‘’Literature Review,” we review
the literature from both thematic and methodological perspectives. In section “The
Problem and the Model,” we describe the problem and define the OBVRP model.
In section “Solution Approach,” we discuss our solution approach; and in section
“Computational Experiment,” we describe a computational experiment and discuss
the results. Conclusions are offered in section “Conclusion and Further Research.”
LITERATURE REVIEW
The review of the literature, relevant to this research, is from both thematic and
methodological perspectives. In the thematic review, we discuss the evacuation
planning problem. The methodological survey explores the VRP family, with
emphasis on the related subvariants of the VRP to establish the framework for the
OBVRP.
Evacuation: A Thematic Review
Evacuation plans need be developed and rehearsed well in advance of disasters
(Nisha de Silva, 2001; Apte, 2009) and must cover self-evacuation as well as
assisted evacuation for those unable to evacuate themselves. Lack of appropriate
planning can have severe consequences as seen when many older adults, espe-
cially the non-ambulatory, did not receive the needed assistance evacuating before
Hurricane Katrina ravaged New Orleans (McGuire et al., 2007), and some died as
a result. Addressing the need to evacuate disabled individuals is especially perti-
nent given that in the United States, 54% of those older than 65 have some form
of disability (U.S. Census Bureau, 2001) and 20% have difficulty leaving their
residences (Waldrop & Stern, 2003) because the degree and severity of walking
disability is high (U.S. Census Bureau, 2001). The reality can only be similar
in other countries. In a disaster, such individuals are among the most vulnerable
groups (Saliba, 2004) and are likely to experience a higher mortality rate (Mokdad
et al., 2005).
For those who reside in long-term care establishments, the facilities are
legally responsible for evacuating them (P-KEMRA, 2006) and hence do not re-
quire as much assistance from emergency response personnel (Saliba et al., 2004).
Moreover, long-term care institutions tend to support one another by lodging and
caring for evacuated residents (Kuba et al., 2004; Saliba et al., 2004). In the United
States, however, roughly 96% of older and disabled adults do not live in long-term
care facilities (Centers for Disease Control and Prevention and Merck Institute of
Aging and Health, 2004). This necessitates that home-based disabled and elderly,
and their families, plan for their evacuations (Eldar, 1992; Fernandez et al., 2002),
ensuring that the evacuation vehicle can accommodate their ambulatory equip-
ment (Fernandez et al., 2002). Although Federal Emergency Management Agency
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Table 1: Examples of literature in evacuation planning
Research Focus Reference
Models
Traffic Assignment Ben-Tal et al., 2011
Chiu & Zheng, 2007
Evacuation Scheduling Ben-Tal et al., 2011
Network Flow Models Cova & Johnson, 2003
Hoppe & Tardos, 2000
Cell-Transmission Models Chiu et al, 2007
Multiobjective Path Selection Models Yuan & Wang, 2009
Solution approach
Capacity Constrained Route Planning Lu et al., 2003
Lu et al., 2005
Lu, 2006
Flip High Flip Edge Kim & Shekhar, 2005
Contraflow Network Reconfiguration Shekhar & Kim, 2006
Multi-ant Colony Systems Zong et al., 2010
(FEMA) recommends that people with disabilities form a self-help network of
family, friends, and neighbors to assist them during emergencies (FEMA, 2004),
the extent of its success is unknown as older adults and people with disabilities
often do not like to be identified for fear of becoming vulnerable to crime (Institute
of Food and Agricultural Sciences, 1999). In this context, the importance of evac-
uation efforts by the authorities, especially for the mobility-challenged, becomes
increasingly apparent. To resolve some of the traditional but highly complex is-
sues described previously, emergency managers and academics are increasingly
relying on mathematical modeling to find effective solutions and to increase the
robustness of decision making. Table 1 describes some articles in the arena of
macroscopic evacuation planning. However, these papers cover other types of
evacuation planning–related problems such as flow of evacuating vehicles along
available evacuation routes.
In our review of the literature, we found that the existing models (in
Table 1) do not readily address the routing of vehicles in order to evacuate people,
and, in particular, do not address the types of circumstances we address including
the heterogeneity of evacuee disability levels, the multiplicity and heterogeneity of
vehicle fleet and capacities, and the existence of multiple depots. Evacuation plan-
ning often requires specificity and customization. To the best of our knowledge,
a mathematical model that can be adapted for addressing our multidimensional
problem does not exist. Given these inadequacies, we turned to the established
field of VRPs, rather than evacuation problems, seeking to develop a more viable
and tractable VRP-based formulation of our research problem.
VRP Variants and Solution Methods: A Methodology Review
The most basic VRP is the capacitated VRP (CVRP), where the only constraint
is the capacity of the vehicles. Several surveys such as that by Eksioglu et al
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(2009), Laporte (2009), and Marinakis and Migdalas (2007) discussed variants of
the VRP, their solution methods, classification schemes, and naming conventions.
The variants most closely related to our OBVRP include the VRP with pickup and
delivery (VRPPD), the heterogeneous VRP (HVRP), and the multiple depot VRP
(MDVRP) with all of these variants including multiple vehicles. It may appear
that the VRP with time windows (VRP-TW) would relate to the OBVRP as well,
due to the time restriction in an OBVRP, but these variants are actually quite
different. Unlike an OBVRP, VRP-TWs are concerned with routing vehicles such
that each customer is serviced during its required time-window (among multiple
time windows) and usually have an objective function of minimizing the number
of vehicles required to meet all the customer requirements.
VRP with pickup and delivery
The VRPPD adds to the complexity of the CVRP in that deliveries can be made
from one customer to another, so all deliveries do not originate at the depot and
all pickups do not return to the depot. Parragh et al. (2008) and Berbeglia et al.
(2007) surveyed VRPPD research, noting that research on the PDVRP is scarce.
Gunes et al. (2010) focused on unsplittable supply and demand, where each node
was visited once and Dror et al. (1998) dealt with a homogeneous fleet, each being
different than our OBVRP.
Heterogeneous VRP
In the HVRP, the available vehicles are not identical. Ozfirat and Ozkarahan (2010)
subdivided this class of VRPs into the fleet size and mix VRP (FSMVRP), where
the number of vehicles is not fixed a priori, and the heterogeneous fixed VRP
(HFVRP), where the number of vehicles is fixed, as in the OBVRP. Baldacci
et al. (2008) provided a survey of HFVRP research. However, none of the existing
HFVRP research deals with the additional complexities of our OBVRP, such as
vehicle capacities that differ based on the type of customer being transported.
Multiple depot VRP
In the MDVRP vehicles begin at more than one depot, although some vehicles
may begin at the same depot. Salhi et al. (2013) studied the MDVRP with hetero-
geneous vehicles where the objective is minimizing the total vehicle cost (fixed
and traveling) as opposed to minimizing unserved customers in OBVRP. Their
model allowed a vehicle to visit a node exactly once (different than OBVRP) and
satisfied all the customer demand (unlike OBVRP, where customers may be left
behind). Asl et al. (2012a) addressed an MDVRP with multiple products and het-
erogeneous vehicles (similar to Asl et al., 2012b) but with fuzzy time windows. As
stated above, an OBVRP is not closely related to a VRP-TW, and the fact that they
allowed the shifting of time-window boundaries (fuzzy time-windows) to made
their problem feasible (Asl et al. 2012a) makes their problem significantly different
than ours. Gulczynski et al. (2011) investigated the MDVRP with split deliveries,
developing a model for vehicles transporting waste from several neighborhood
collection sites to several landfills. The situation is similar to ours; however, it does
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not consider the complication of vehicle capacities differing dependent on what is
being transported.
Conclusions from Literature Review
In summary, we surveyed both evacuation related literature and the most relevant
variants of the VRP. We conclude from the literature review that our OBVRP is
significantly different than problems in existing research in several ways. First, the
objective of the OBVRP is fundamentally different from that of VRP models in
literature, which almost exclusively use distance and/or vehicle cost as the objective
function. In rare cases, maximization of social welfare is the objective function
(Apte, Apte, & Venugopal, 2007). Our objective is to minimize the number of
unserved customers (unevacuated people). The implications are that a simple swap
of customer nodes, a typical heuristic/meta-heuristic operation, no longer improves
the objective function. To improve the objective function, an unserved customer
must be added to one of the routes. Thus, traditional solution approaches may not
be suitable or directly adaptable for the OBVRP.
Second, the “goods” are not homogeneous—the people to be transported have
different types of disabilities. In addition, certain categories of people cannot be
transported by certain types of vehicles. This adds significantly to the complexity
of our OBVRP. Finally, our OBVRP possess complicating constraints in terms of
ranked heterogeneity of customer demand (evacuee disability levels), multiplicity
and heterogeneity of vehicle fleet and capacities, as well as the possibility of
multiple tours by any given vehicle, which is a key issue.
THE PROBLEM AND THE MODEL
The Problem
The scenario posits a short-notice disaster where roads are still traversable. The
problem assumes the existence of a list of disabled people needing evacuation
that contains their location and level of disability. The aim is to develop a routing
plan that sends vehicles from depots to pick up and evacuate as many mobility-
challenged evacuees as possible from their individual locations to a common
shelter.
Inputs
Known a priori are the number, location, disability level, and loading/unloading
times of evacuees, the number and location of all depots, as well as the available
numbers and various types of vehicles. The mapping of evacuees’ disability levels
to the allowable type(s) of vehicle(s) is also known. Loading and unloading times
are different for evacuees of different disability levels. The capacities of each
vehicle for each disability level of evacuees are known.
Assumptions
Lower disability-level evacuees can be transported on a vehicle designed for higher
level disability people, but not vice versa. (For example, a person using a walker
can be transported by a wheelchair accessible vehicle, but a wheelchair-bound
Apte et al. 737
evacuee cannot be evacuated by a non-wheelchair accessible vehicle.) It is also
assumed that there is no explicit prioritization of people during the evacuation.
Although evacuees are characterized by their location, not all evacuee locations
are unique; it is possible to have more than one evacuee at a location. It is also not
assumed that a vehicle has to pick up everyone at the same location simultaneously.
The vehicles are based at more than one originating depot, though some
vehicles may have the same originating depot. The total load carried by each
vehicle at any given time cannot exceed its capacity. Each vehicle type takes the
same amount of travel time to travel from point to point. The entire evacuation must
take place within one time window constrained by total available time. Multiple
trips to the shelter by each vehicle are allowed, as long as the overall evacuation
time available is not exceeded.
The Model
In disaster situations, evacuation resources are overburdened, and thus it may
not be possible to evacuate all people needing assistance. Unfortunately, this is a
common situation in many large-scale disasters. One contributor to this problem
can be laws, such as laws pertaining to the Americans with Disabilities act in
the United States, which restricts what types of vehicles, can be used to transport
people with certain disabilities. However, even in countries where such laws do not
exist and vehicles such as carts, bicycles, or even animals could be used, number
of such resources available is still limited. If these resources are available for the
coordinated evacuation effort, they could be included in the planning; otherwise,
the people they are used for to evacuate may not be considered to be needing
evacuation assistance. In light of this, the OBVRP is an appropriate type of model
and an objective function related to the unserved customers must be developed,
but there is a variety of approaches that could be taken to formulating the objective
function.
The definition of an objective in disaster management is a difficult, and to
some extent, unresolved task. Should the objective consider costs, and should
these costs be based on money spent, cost to the economy, or instead a cost
measure based on the cost of potential loss of life? Assigning monetary value
to social utility is a complex and ethical issue. Nonetheless, over the years, the
objective of evacuation research has somewhat evolved from minimizing costs
to maximizing public welfare (Re Velle, Bigman, Schilling, Cohon, & Church,
1977). This is expected given that the primary aim is to minimize loss of life
and alleviate suffering (Thomas, 2003). In line with this trend, we formulate the
objective function of our OBVRP as the minimization of the number of un-served
customers (evacuees).
We model this problem using a vehicle flow formulation. The notation and
the model are as follows:
Sets
A set of all arcs in graph
V set of all nodes in graph, V = {0, . . . ,N + K}
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O subset of V consisting of all origin depot nodes for vehicles; within set V, O will
be indexed with N+1, . . . ,N + K where vehicles 1, . . . ,K originate at node N +
1, . . . ,N + K, respectively
s shelter node which is the destination for all customers; within set V, s will be
indexed with 0
C subset of V consisting of all nodes in V with a customer needing to be evacuated;
each node in C represents one person needing to be evacuated (1 unit of supply);
within set V, C will be indexed with 1, . . . ,N
Parameters
T total time available to perform the evacuation
K number of vehicles
N number of customers needing to be evacuated
R maximum number of trips to the shelter a vehicle can make
L number of levels of different transportation needs customers can have
tij time it takes for any vehicle to traverse arc (i, j),  i,j  V
dil supply at node i, with need level l,  i  C, l  L;
∑
l∈L dil = 1, ∀i ∈ C
ckl capacity of vehicle k for customers of level l,  k  {1, . . . ,K}, l  L
ui unloading and loading time for customer i,  i  C
Decision Variables
xijkr equals 1 if arc (i, j) is traversed by vehicle k on trip r in the solution,  i,j 
V, k  {1, . . . ,K}, r  {1, . . . ,R}; equals 0 otherwise
yikr equals 1 if customer i is serviced by vehicle k on trip r,  i  C, k  {1, . . . ,K},
r  {1, . . . ,R}; equals 0 otherwise
Objective Function











xijk1 = 1 ∀i = N + k, k = 1, . . . , K (1.2)
∑
j∈O
xijk1 = 0 ∀i = N + k, k = 1, . . . , K (1.3)
∑
j∈V











xijkr = 0 ∀i ∈ O, r = 2, . . . , R (1.6)
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∑
j∈V





yikr ≤ 1 ∀i ∈ C (1.9)
∑
i∈C


















⎠ ≤ T ∀k = 1, . . . , K (1.12)
xijkr ∈ {0, 1} ∀i ∈ V, j ∈ V, k = 1, . . . , K, r = 1, . . . , R (1.13)
yikr ∈ {0, 1} ∀i ∈ C, k = 1, . . . , K, r = 1, . . . , R (1.14)
The goal in Equation (1.1) is to minimize the total number of customers that
do not get evacuated. Constraints (1.2) and (1.3) ensure that each vehicle leaves
its own depot exactly once on the first trip and does not go to another vehicle’s
depot. Constraint (1.4) ensures that each vehicle enters the shelter once on its
first trip (having departed from its depot on the first trip). Constraint (1.5) is the
balance of flow constraint for the customer nodes for the first trip of each vehicle.
Constraint (1.6) ensures that no vehicles leave any of the depots on subsequent
trips. Constraint (1.7) is the balance of flow constraint for all nodes on subsequent
trips. Constraint (1.8) sets the value of the y variables.
Constraint (1.9) ensures each customer is serviced no more than once. Con-
straint (1.10) is the capacity constraint for each customer need level l, for each
trip that each vehicle makes. Constraint (1.11) is the classic subtour elimination
constraint, but note that sub-tours are only infeasible if they occur entirely within
the subset of customer nodes. Constraint (1.12) constrains the total time spent by
each vehicle loading customers, unloading customers, and traveling to be within
the total time available for evacuating. Constraints (1.13) and (1.14) define the
variables.
Note that the repeated visits to the shelter are used to divide each vehicle’s
total route into separate trips to the shelter. The first trip for each vehicle will begin
at its own depot and end at the shelter, and each subsequent trip begins and ends at
the shelter. Because it is not known a priori how many trips each vehicle will make
to the shelter, a large enough value is chosen for R such that it will not artificially
limit how many trips a vehicle will make.
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SOLUTION APPROACH
Because the OBVRP is difficult to solve, being a variant of VRP and VRP itself
being hard to solve optimally in a short time (Aksen et al., 2006; Groër et al. 2008;
Laporte, 2009), we required a solution algorithm with an emphasis on several
priorities that would best benefit an emergency responder. First, the algorithm
needed to be robust enough to always be able to find a feasible solution. Second,
a simple algorithm that could find a relatively good solution quickly was desired
over a complex one that would take a long time to find an optimal or near-optimal
solution. This is important because evacuation time is very limited so a solution
must be found quickly; waiting for a solution method to eventually find an optimal
or near-optimal solution may not leave enough time to implement the solution.
A search through modern meta-heuristics revealed several promising candi-
dates, including genetic algorithms, simulated annealing, tabu search, GRASP, and
ant colony optimization (ACO). The ACO appeared particularly suited to the prob-
lem; it could be implemented easily and it allowed a simple route-construction
heuristics. In addition, it could be expanded with additional routines such as a
multiple ant colony system or the incorporation of local search heuristics within
the route construction module to improve solution quality. Finally, ACO routines
have been shown in literature (Dorigo, Maniezzo, & Colorni, 1996) to perform
on par with other popular meta-heuristics such as the tabu search, strengthening
confidence that the ACO can find a very good solution. Therefore, we developed
an ACO algorithm with optional additional heuristics. We discuss the ACO routine
first and then the heuristics.
The ACO Routine
An ACO algorithm is based on how real ants develop efficient paths to find
food. Ants deposit pheromone as they search for food, but this pheromone slowly
evaporates over time. On short paths to food, the pheromones are re-deposited
sooner so the pheromone levels remain higher, causing more ants to follow it and
thus reinforce the route. As a consequence, the level of pheromone on a path is
essentially based on the path length and the quality of the food source. In time, all
ants are expected to follow the shortest path.
ACO algorithms and extensions
An ACO algorithm solves a problem by using artificial ants (Çatay, 2009) and a
construction process guided by artificial pheromones. Each ant selects a route based
on existing pheromone levels. When each ant has constructed a complete solution,
the pheromone levels are updated. Pheromone levels on all arcs are decreased
to mimic pheromone evaporation, and then new pheromone is added to all arcs
traversed by ants. Then the procedure is restarted with the updated pheromone
levels. This is repeated for a fixed number of cycles or until search stagnation
occurs.
The first ACO algorithm was the ant system (AS). The AS solves small-
to-moderate traveling salesman problems (TSPs) with accuracy comparable to
other general-purpose heuristic approaches (e.g., genetic algorithms and simulated
annealing); however, the AS is outrivaled by state-of-the-art specialized ACO
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algorithms for larger problems (Dorigo et al., 1996). The extensions to the AS
exploit the best solutions found during the search, and the most successful ones
integrate explicit features to avoid premature stagnation of the search (Dorigo &
Stutzle, 2004). The main differences between the various AS extensions lies in
the techniques used to intensify or diversify the search process. Some of the more
prominent extensions include the elitist AS (EAS), rank-based AS (ASrank), and
Max-Min AS (MMAS).
The idea of the EAS, first introduced in Dorigo (1992) and Dorigo et al.
(1996), is to offer strong additional reinforcement to the arcs belonging to the best
route found since the start of the search. To circumvent slow convergence in the
neighborhood of an optimum, elite ants deposit pheromones only on arcs of the best
route found in order to attract more ants. The elitism ideas are further developed
in the ASrank (Bullnheimer et al, 1999) and MMAS (Stutzle & Hoos, 1997, 2000).
In the ASrank, solutions found at each iteration are ranked. The pheromone amount
deposited depends on the solution’s rank. This can be visualized as w ants moving
along the best route, (w – 1) ants moving along the best current route, (w – 2)
ants moving along the second-best (by rank) route, and so forth (Dorigo & Stutzle,
2004). As in the EAS, the best-so-far ant always deposits the largest amount of
pheromone in each iteration to boost the probabilities of selecting the best route
fragments.
The MMAS differs from the original AS by specifying an upper and lower
bound on the pheromone levels. The pheromone levels are universally set to the
maximum for the initial iteration. Only the best solution at the end of each iteration
receives pheromone deposition. Finally, pheromone trails are reset each time the
system approaches stagnation or when no improved tour has been generated for a
certain number of consecutive iterations (Dorigo & Stutzle, 2004).
The AS extensions described above achieved significantly better performance
than the AS by introducing minor changes in the overall AS algorithmic structure.
The solutions also become more diverse owing to the dynamic update of the
pheromone distribution (Dorigo & Stutzle, 2004).
Our ACO routine
We chose to build a hybrid AS algorithm designed to take advantage of the best
features of each AS extension. Our base AS was modeled after the MMAS of
Stutzle and Hoos (1997, 2000), predominantly because of that algorithm’s par-
ticularly strong evaluated ability to quickly find good-quality solutions. Because
the OBVRP is a new problem, the algorithm was initially required to evaluate a
large solution space to avoid finding local optimums; to this end, the MMAS was
modified to allow several good solutions to affect the pheromone levels, rather than
only considering the best ant per iteration. This was achieved by creating a “best
solutions” list, and incorporating EAS and ASrank extensions. The incorporation
of these extensions was controlled by a set of parameters that were included in the
initial call of the routine so they could easily be turned on or off, or set to different
levels. For example, the initial call could prescribe the number of elite ants and the
number of ranked ants to use.
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Heuristics
In Dorigo and Stutzle’s (2004) evaluation, the addition of a simple heuristics to the
route construction procedures for the ants resulted in a convergence to an optimum
with fewer iterations than a completely random approach. Dorigo et al. (1996)
compared this to the ant’s “visibility.” We chose two heuristics for our algorithm.
The first, a neighborhood ant heuristic (η1), entailed limiting the routes available
to an ant to the nearest  nodes (“nearest” being measured by travel time), with 
being set by the user when the routine was called. The node weighting matrix for
heuristic η1 is defined in Equation (2).
(Neighborhood ant) η1 := [η1ij]=
{
1 if j is among nearest  nodes,
0 otherwise.
∀(i, j) (2)
The second ant heuristic (η2) weighted the probability of the node being
selected by the proximity of that node to the one that the ant currently sat on; near
nodes were more likely to be selected than far nodes, although a finite probability
of selection existed for far nodes at all times, in contrast with the first heuristic
(Equation 3). This second type of ant draws parallels to the greedy randomized
adaptive search (GRASP) methodology (Feo & Resende, 1995), in terms of spec-
ifying a preference for a greedy route but leaving open the option for random
perturbations from the greediest route.
( Greedy−random ant) η2 := [η2ij]= travel time rank among available nodes ∀(i, j)
(3)
To avoid limiting the routine to nodes specified by these two heuristics, a
third type of ant was constructed (η3) that relied exclusively on pheromones to
guide its node selection (Equation 4).
(Pheromone−only ant) η3 := [η3ij] = 1 ∀(i, j) (4)
Overview of Complete Algorithm
We first describe the parameters used in the algorithm in Table 2.
The algorithm can be summarized as follows: First, the ant type is selected
at random between the nearest neighborhood ant (η1), the greedy-random ant (η2),
or the pheromone-only ant (η3). The route construction starts at a randomly chosen
vehicle node. The list of unselected nodes is reduced to a list of feasible nodes
where delivery to the shelter could be completed in the remaining time available.
This feasible node list has weights from the matrix η associated with the selected
heuristic, and then a second set of weights assigned from the pheromone matrix τ .
Each pair of weights (ηij and τ ij) is proportioned exponentially according to values
assigned when the routine is initially called: α for the pheromone weight and β
for the heuristic weight, and then multiplied together as shown in the numerator
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Table 2: List of initial variables used in algorithm
Parameter Description
m Number of ants
 Number of nodes in neighborhood
α Exponential weight to pheromones
β Exponential weight to heuristic
σ Number of elite ants
Z Use of ranked candidate list choice
ρ Pheromone degradation multiplier
	τ Pheromone deposition amount
τmax Largest value of τ allowed
w Size of ranked candidate lists
of Equation (5). The combined weighting is then normalized. The final weighting
calculation is shown in Equation (5).
Pij = [τij ]




) ,∀ n feasible nodes. (5)
The process of node selection is repeated node-by-node. When no more
feasible nodes are available, the route is directed back to the shelter and the
occupants are unloaded. If there is time for additional routes, the vehicle is sent
back out, continuing the route construction process, node-by-node, as before. If
additional routes are not allowed due to the time constraint, a different vehicle is
selected and the time is reset. If all vehicles have been used, a new ant is selected
and the whole process is repeated.
Once all m ants have been used the algorithm picks the best w solutions that
minimize the cost function of the number of unserved customers. (Both m and w
are user-specified.) Each entry in the pheromone matrix (for each (i,j) pair) is then
updated. First, the pheromone matrix τ is degraded by multiplying by (1 − ρ),
where ρ is a user-specified parameter value less than one that represents the rate of
decay of pheromone information. Next, for all ants, pheromones are added to the
pheromone matrix; for each node pair the standard amount of pheromones to add
(	τ ) is divided by the number of unserved customers U on the tour, which serves
to dilute the effects of less-effective tours. This value is then modified by a pair of
multipliers. The first multiplier pertains to the elite ants: a user-specified number
σ of elite ants march over the best solution Bt. The second multiplier depends on
a user-specified binary value Z; if Z = 1, the pheromones are weighted by the
solution’s rank position in the best solutions list, with the most efficient solution
receiving a weight of wt = w, and the least efficient “best” solution receiving a
weight of wt = 1. For solutions not on the best solutions list, wt = 0. When Z = 0,
the option to weight pheromone addition by solution rank is turned off. The overall
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change in τ is encapsulated by Equation (6); note that even in the case of σ = 0
and Z = 0, pheromones are still added.




















1 if rank − based weighting was selected by the user,
0 otherwise.
(6)
Once the pheromones have been updated, the procedure restarts for another
iteration, proceeding to a pre-identified iteration limit. To prevent the routine from
becoming locked into a local optimum, a condition (Equation 8) was added that
would reset the pheromone matrix if the best solutions remained the same for
a number of iterations, using a procedure known as pheromone trail smoothing
(Stutzle & Hoos, 1997). The proportion of reset depends on the value of δ. The
idea is to weaken the pheromone matrix, but not to completely abandon it; δ may
range from 1 to 0, with δ = 1 corresponding to a complete reset of τ to τmax, and
δ = 0 corresponding to no reset at all.
τ newij = δτmax+(1 − δ)τ oldij , with 0 < δ < 1. (7)
To prevent unnecessary iterations, a lower bound can be computed for the
number of unserved customers, which can be used to stop the procedure before the
iteration limit is reached. For N customers, K vehicles with ck capacity per vehicle,
and R routes allowed, the lower bound of the number of unserved customers may









An overview of the pseudo-code is given in the Appendix.
COMPUTATIONAL EXPERIMENT
The hybrid meta-heuristics was coded using Octave 3.2.4 and run on two machines:
a desktop PC clone with an AMD Phenom II X3 720BE three-core processor at 3.0
GHz, 8 GB RAM, running Linux Ubuntu 10.04 64-bit; and a Lenovo PC laptop
with an Intel Centrino Core2 Duo CPU T5800 at 2.0 GHz, 3 GB RAM, running
Linux Ubuntu 10.04 32-bit and Windows XP.
Datasets
There are no readily available standard datasets in literature to validate or bench-
mark, the solution of our OBVRP. Hence, five stylized datasets constructed by Pico
and Tan (2012) were used in this study. The main characteristics of the datasets
are summarized in Table 3.
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Table 3: Main characteristics of test data.
Total Time Average Customer
Number of Number of Number of Available, Distance from
Vehicles, K Customers, N Disability Levels, L T (min) Shelter (min)
Dataset 1 2 40 1 200 6.65
Dataset 2 4 40 3 500 28.10
Dataset 3 4 100 2 400 16.56
Dataset 4 2 15 1 15 7.22
Dataset 5 3 20 2 300 21.23
Figure 1: Un-served customers for design points 1, 2 and 3 across datasets 1 - 5.
Datasets 1 and 4 represent scenarios with two vehicles and one disability
level. Dataset 4 has its node locations, loading/unloading times, and other parame-
ters specially prescribed, so that the global optimal solution is known a priori (five
unserved customers). For datasets 2, 3, and 5, node locations and loading/unloading
times were randomly assigned. It should be noted that the travel time with load
and unload times make up the total time for evacuation, this when checked against
available time make our problem overburdened. Disability levels for each customer,
vehicle capacities, maximum number of tours allowed per vehicle, and total time
available are ascribed to reflect a range of test scenarios. The sizes of the datasets,
ranging from 20 to 100 customer nodes, correspond to typical small to mid-size
test instances found in VRP literature. The three disability levels found in dataset 2
represent real-world evacuees who are either stretcher-bound, wheelchair-bound,
or in need of walking aids or assistance.
Results
The first solution approach used only the algorithm, excluding the heuristics ele-
ment, that is, setting β = 0 thus running the algorithm with only the pheromone
component. The second solution approach used a positive, nonzero value for β. We
ran the algorithm with three different sets of parameter values (design points) for
each of the five datasets using each of the two solution approaches. The parameter
values used in each design point are shown in Table 4.
Figure 1 illustrates overall performance, with and without the heuristics,
across the objective function values of all the datasets for all the design points. The
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Table 4: List of parameter values in each design point.
Parameter Design Point 1 Design Point 2 Design Point 3
t 28 14 32
 7 9 6
α 5 5.2 2.8
β 5 1.1 8.8
σ 5 7 7
Z 1 1 1
ρ 0.5 0.84 0.75
	τ 5 10 2
τmax 501 485 32
w 4 1 3
Figure 2: Iterations to converge for design points 1, 2 and 3 across datasets 1 - 5.
Table 5: Results: averaged across datasets.
Unserved Customers Iterations to Converge
Design Point w/o heur. w heur. % improv. w/o heur. w heur. % improv.
1 11.72 7.24 38.2% 18.68 6.12 67.2%
2 12 8.64 28.0% 18.72 15.08 19.4%
3 11.64 6.8 41.6% 11 9.56 13.1%
detailed results for iterations to converge are shown in Figure 2. Overall solution
time did not present a concern, with the largest and most complex 100-node,
2-disability level, 4-vehicle dataset taking about three minutes to converge.
Discussion
Figure 1 shows that the algorithm with the heuristics outperforms the algorithm
without the heuristics for every design point—dataset combination. But it appears
that the relative improvement of using the heuristics differs significantly. It is also
interesting to see that the heuristics improved iterations to converge in most cases,
but not all. To investigate the influence of datasets versus design points toward
these results, we constructed Tables 5 and 6, which show the results averaged
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Table 6: Results: averaged across design points.
Unserved Customers Iterations to Converge
Dataset w/o heur. w heur. % improv. w/o heur. w heur. % improv.
1 19.27 14.67 23.9% 22.13 11.00 50.3%
2 4.07 1.80 55.7% 13.33 14.40 -8.0%
3 20.47 7.87 61.6% 20.67 12.67 38.7%
4 7.00 5.53 21.0% 14.67 4.53 69.1%
5 8.13 7.93 2.5% 9.87 8.67 12.2%
across datasets and design points, respectively, as well as percent improvement
calculations.
In Table 5, we can see that Design Point 3 performed the best overall, beating
out the worst performer, Design Point 2 by almost two fewer unserved customers
(6.8 vs. 8.64). Surprisingly, Design Point 3 also achieves most of the best results
with regard to iterations to converge. This shows that good parameter selection
may help on multiple criteria, that is, that improvement on the objective is not
always at the expense of the iterations to converge. And a final observation is
that, on average, inclusion of the heuristics improved the iterations to converge
for each design point despite the mixed results for individual design point–dataset
combinations.
It can be seen in Table 6 that the percent improvement in the number of
unserved customers differs significantly across datasets. The most improvement
is seen for Dataset 3 (61.6%) and the worst improvement is seen in Dataset 5
(2.5%). We also see that the percent improvement does not seem to correlate
with the percent improvement in the iterations to converge, with one or the other
being much lower or higher depending on the dataset. With regard to iterations
to converge, the mixed results can be seen in Table 6. For Dataset 2, on average
using the heuristics actually increased the iterations to converge. We might have
expected the same for Dataset 5 because it, like Dataset 2, required more iterations
to converge for 2 of 3 design points (as seen in Figure 2), but on average the use
of the heuristics is still beneficial, achieving a 12.2% average improvement. With
the significant mix of differences between datasets, it is difficult to determine what
might be contributing to these quite different results across datasets. Overall, we
can see that the effects of using heuristics in the algorithm are significantly affected
by the dataset being used.
CONCLUSION AND FURTHER RESEARCH
We introduced a new VRP variant, the OBVRP, and presented our complex OB-
VRP developed to address the problem of helping emergency responders plan
the evacuation in a short-notice disaster of mobility-challenged persons. Though
we used the OBVRP for evacuating civilians in a short-notice disaster, it may be
applied to other situations. For example, it would be appropriate for the problem
of evacuating soldiers needing medical attention from the frontline using different
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modes of transportation such as helicopters or trucks, based on the severity of their
condition, in order to minimize the number of soldiers not reaching medical help
within the “golden hour.”
We also presented an ACO algorithm designed to solve our OBVRP, and
tested the algorithm over multiple datasets, using multiple sets of parameters, and
both with and without incorporating additional heuristics. The results showed that
the model and algorithm could be used to quickly provide emergency planners
with an evacuation plan for this vulnerable population. The number of unserved
customers is significantly reduced when using the heuristics, but the magnitude of
the benefit depends on the dataset. Our results also showed that parameter selection
can significantly affect the results. Such difference could have a significant real-
world impact because any un-served customer faces a potentially life-threatening
situation. This shows that parameter selection can be important for an algorithm like
this. In addition to planning evacuation, our experiment can provide an important
insight through variation of parameters that can be used to understand available
and required resources in the area.
Limitations because of scope of this article and otherwise provide opportu-
nities for future research. It may be possible to further improve the solution quality
by adding a local search procedure. Experiments with MMAS and ACS on the
TSP have confirmed that local search can improve solution quality, demonstrating
that high-quality tours were obtained when used with local search, even without
using heuristics information (Dorigo & Stutzle, 2004). An alternative method to
optimize routes could be to add a second ant colony system to influence the node
selection.
Another avenue for further research is the investigation of a variety of param-
eters for this algorithm. The results showed that both the number of unserved cus-
tomers and the iterations to converge differ depending upon the parameter values
used, and also that improvement on the objective is not always at the expense of the
iterations to converge. This implies that it may be possible to find other combina-
tions of parameters that further improve both the objective and the algorithm speed.
One of the biggest drawbacks to the ACO-based routines is their sensitivity
to the solution size. For example, if the global optimum solution of a particular
problem has 100 unserved customers, the amount of pheromones deposited will be
sharply diluted. Also affected are the best τmax, τmin, and the optimal pheromone
degradation ρ. A promising avenue of further research would be to find a way to
automatically tune the parameters to best match the solution based on the size and
nature of the problem. An obvious but difficult-to-accomplish alternative would be
finding a formulation for the ACO that removes the sensitivity to the problem size.
Although we can run large datasets rather efficiently with our approach, the
bulk of the time spent in the field is likely to be in setting up the dataset. Gathering
travel times between nodes quickly explodes into a large affair as the number of
nodes grows. An automated program that can compute the travel-time matrix from
points on a map would serve well to make the solution approach even more usable
by practitioners.
In order to improve solution speed to easily accommodate larger datasets,
parallel processing could be exploited. For example, each ant could run on a
separate thread, with pheromone updating occurring real-time; that is, pheromone
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updating is not critical to run another ant-tour. With the proliferation of high-
performance computing available on the internet, and the low amount of data
needed to conduct analysis, it is conceivable that an official in an austere location
could set up and run a routine remotely, using only a satellite or cellular phone
connection.
It is also important for researchers to consider the ethics involved in making
decisions related to humanitarian causes. The societal implications of some of the
solutions should be taken into account. For example, because a stretcher-bound
patient takes longer to load and occupies more room than a person who only
required some assistance, the routine will favor picking up those who are least
disabled. One must consider the humanitarian space for such actions.
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APPENDIX
Pseudocode for hybrid ant system algorithm
1 Loop iterations until iteration limit has been reached
2 Loop Ants until all Ants have been used
3 Select Ant (from neighbourhood, greedy-random or pheromone
4 only)
5 Create Route
6 Loop until all available nodes have been used
7 Select vehicle at random
8 Evaluate list of available nodes
9 Check for feasibility
10 Weight probabilities (Equation 5)
11 Select node
12 If all nodes have been used:
13 Send to shelter
14 reset vehicle
15 create additional routes if feasible (by sending back
16 to beginning of loop)
17 End route creation loop
18 End Ant Loop
19 Evaluate solutions
20 Record best solutions
21 Update pheromone matrix (Equation 6)
22 If solutions are stuck in local optimum (i.e., best solutions list has not
23 changed over several iterations)
24 Reset pheromone matrix (Equation 7)
End iteration loop
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